The ability of a number of prediction systems was examined to determine how well they could predict Salmonella mutagenicity. The prediction systems included two computer-based systems (CASE 0 and TOPKAT®), the measurement of a physiochemical parameter (k e ) and the use of structural alerts by an expert chemist. The computerbased systems operators and the chemist were supplied with the structures of 100 chemicals that had been tested for mutagenicity in the Salmonella test,* the actual chemicals were needed for the physiochemical measurement None of the participants was provided with the chemical names or Salmonella test results prior to submitting their predictions. The three systems that predicted the mutagenicity from the structure of the chemicals produced equivalent results (71-76% concordance with the Salmonella results); the physiochemical system produced a lower (60-61%) concordance.
Introduction
During the past few years there has been increasing interest in the use of structure-activity relationships (SARs), and/ or physicochemical properties, for predicting the biological activity of chemicals. The reasons for the interest in these systems include decreased cost and time per chemical as compared with animal or cell systems for identifying toxicological effects of chemicals; the reduction in the use of animals for toxicological testing; and the acquisition of information that may aid in the elucidation of the mechanisms of action of different classes of chemicals.
In the study presented here, the predictivity for Salmonella mutagenesis of two independent computer-based systems, one physicochemical screening test and one expert (noncomputer-based) system were compared using 100 chemicals. These chemicals were among those tested in Salmonella by the US National Toxicology Program (NTP), but whose results had not yet been published. The test systems used were CASE 0 , developed by Klopman (1984) , Klopman etal. (1990) ; TOPKAT <J , developed by Enslein (1988) ; the physiochemical measurement of k e (the electron rate attachment constant), which describes the potential electrophilicity of a chemical, as described by Bakale and McCreary (1987) ; and the identification of chemical 'structural alerts' (SA) as described by Ashby (1985) and Ashby and Tennant (1988) .
These prediction systems were selected because they had been developed to predict Salmonella mutagenicity and were all designed to be used with noncongeneric sets of chemicals; that is, chemicals of diverse structure. They were not limited to predicting within a specific chemical structural class. Additionally, the computer-based test systems were not based on supposed mechanisms of action of the chemicals but were based solely on empirical associations between chemical structure and known biological activities.
The objectives of the exercise were: to measure the performances of the different prediction systems as they were configured at the time of the study; to use the results of this exercise to identify the strengths and weaknesses of each system; and to bring understanding and light to the structureactivity prediction enterprise.
Materials and methods

Study design
The NTP database used for this exercise contained a series of chemicals that had been tested for mutagenicity in Salmonella, but for which the results had not been published by the NTP (although a number of the chemicals had been tested and the results published by other laboratories). Unequivocal (positive; weak positive; or negative) results were available for 292 organic chemicals containing a denned structure and no metal atoms. These chemicals were used as the master list, from which 100 chemicals (Table I) were selected using a random number list to create the test set. Inadvertently, 1,2-epoxydodecane was included among these chemicals although it had been previously published (Canter et al., 1986) . This prior publication did not compromise the SAR predictions (see below).
The structures of the chemicals were drawn and sent for computational or SA analyses without any other information as to the chemicals' identity or biological or chemical properties. The calculations of kg required samples of the chemicals. Of the 100 randomly selected chemicals 88 were sent coded, and the molecular weights, needed for calculations of the k? values, were provided. The participants were not informed of the identity of the chemicals or the results of the Salmonella tests until all predictions were submitted. However, most of the chemicals were identifiable from their structures.
Descriptions of the test systems CASE?'. CASE
0 (Computer Automated Structure Evaluator) is a knowledgebased artificial intelligence program designed for the specific purpose of organizing toxicological data obtained from the evaluation of diverse chemicals. It is based on the premise that a relationship exists between the structure of a chemical and its biological properties. CASE identifies and records molecular substructures that have a high statistical association with observed toxic activity or inactivity. The learning set of chemicals comprises both active and inactive molecules of diverse structures. Substructures found to be linked to activity are called biophores, while structures associated with lack of activity are called biophobes. New, untested molecules can be submitted to the program and a prediction of the potential activity of the new molecules can be obtained based on the presence or absence of these biophores and biophobes (Klopman, 1984; Klopman and Rosenkranz, 1984; Klopman, et al, 1990; Rosenkranz and Klopman, 1990a) .
In this exercise the CASE program predicted the activity of the test set of molecules based on two learning sets. The first learning set was a compilation of 820 chemicals tested for mutagenicity by the NTP (CASE/n). A subset of this learning set and the conclusions obtained from its study were described by Rosenkranz and Klopman (1990a) . The second set consisted of 808 chemicals evaluated by the US-EPA Gene-Tox Program (Klopman et al., 1990 ) (CASE/e). There is some overlap between the two databases, and also discrepancies between the results of some chemicals. The two learning sets were not combined because the criteria used for establishing the databases were somewhat different. No.
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TOPKA7**. The T0PKAT 0 program's mutagenicity model was developed with a database of 1083 chemicals derived mostly from the US-EPA GeneTox Program (Kier el al, 1986; A.Auletta, personal communication) and from the N IP's mutagenicity testing program. After a chemical's structure is entered into the system, a search is made for those features present in the chemical and also in the 'mutagenesis equation'. Values for those features as they apply to the chemical in question are then calculated The value for each feature is multiplied by its corresponding regression coefficient. From this sum of products the probability of the chemical being a mutagen is calculated by means of a simple exponential equation.
The next step is to determine whether the chemical is adequately 'covered' by the database from which the SAR equation was developed. First, one determines whether the structural features used for the estimate completely cover all aspects of the chemical's structure If they do not. the database is searched to determine whether features that were not useful for the equation are represented in the training database and cover the rest of the chemical. Only if all features of the chemical structure are adequately covered in the training database does one proceed further. If the chemical is adequately covered, the level of confidence assigned to the estimate is determined. This is done by searching the database from which the model was developed for chemicals with the 'important' features in the target chemical. These features include those in the estimate, as well as those which are represented in chemicals in the database, but which were not of sufficient statistical importance to be included in the equation (Enslein, 1988) SA; SA + A compilation was made of chemical substructures associated with electrophilicity and those that have been associated with nonreactivity (Ashby. 1985, Ashby and Tennant, 1988) . Chemical structures were assessed for actual or potential electrophilic centers according to the megastructure described by Tennant and Ashby (1991) . Chemicals containing corresponding sites were classified as SA This was the primary call. As a secondary exercise, these classifications were assessed for the likelihood that the Salmonella assay would detect SA-containing agents as mutagens. This secondary expert judgement (SA + ) was based on such considerations as pnor expenence with a wide range of structurally diverse chemicals and mechanistic inferences. This secondary call was made because of the knowledge that not all electrophilic chemicals are mutagemc in the Salmonella lest. k c (Bakale) . This procedure is based on using excess electrons in an inert medium to serve as nucleophilic surrogates of the biological targets of mutagenesis and thereby provide a measure of the electrophilic potential of a chemical. Attachment of an excess electron to a test chemical dissolved in an inert medium occurs at every encounter only if the solute has nothermodynamic barrier to attaching an electron. A chemical that meets this criterion of diffusion-controlled attachment is regarded as yielding a positive k c response. and is predicted to be a mutagen In a typical k c measurement, excess electrons are produced in an inert solvent, cyclohexane, by a 15 ns pulse of I MeV electrons, and the rate at which these electrons attach to the test solute is monitored with an oscillograph in the 50-500 ns time regime. The half-life of electrons in a solution containing a 2 |iM concentration of an electrophile is ~ 100 ns. The half-life of electrons observed for the test solution is corrected for attachment to impurities in the 'pure' cyclohexane (Bakale. 1989 . Bakale and McCreary, 1987 , 1992a , submitted for publication; Ennever and Bakale, 1992) .
Salmonella. The Salmonella tests were performed as described by Zeiger et al. (1992) . All chemicals were tested in a preincubation procedure without exogenous metabolic activation, and in the presence of Aroclor 1254-induced rat and hamster liver S9. The initial testing was performed using strains TA98 and TAI00 without S9 and with 30% S9 in the S9 mix. If a positive result was obtained, the strain/activation conditions giving that positive were repeated and testing was terminated at that point. If no positive responses were obtained, additional strains were used under the same activation conditions If at least four strains (TA97. TA98. TA100 and TAI535) were negative with and without metabolic activation, the chemical was labeled nonmutagenic The test data for 68 of the chemicals are presented in Zeiger el al. (1992) There were 45 mutagens among the chemicals, and. all but two were detected in strains TA98 and/or TA100 The two exceptions were p-azoxyanisole (#9), which was mutagenic only in strain TA97, and tricaprylin (#91). which was mutagemc only in strain TA1535. This is consistent with an earlier report (Zeiger. ei al., 1985) that showed that the combination of strains TA98 and TAI00 detected ~95% of the mutagens in the NTP testing program
Results
The chemical structures and purities, Salmonella results, and the performances of the different prediction systems are compiled in Table I . The performance summaries of the different test systems are presented in Tables II-VI. The   478 predictive performance of each system was evaluated by calculating its sensitivity and specificity, positive and negative predictivity, and the concordance obtained between the predicted and actual activity in Salmonella. Sensitivity is a measure of the proportion of mutagens in the population that were correctly classified, and specificity measures the proportion of nonmutagens correctly classified. Positive and negative predictivity refer to the proportions of chemicals that were correctly predicted to be mutagens or nonmutagens. Concordance was defined as the proportion of correct predictions (positive and negative). For various reasons, several of the systems were unable to handle or make predictions for all the chemicals. In these cases, a direct comparison among concordances may not be valid because chance plays a larger role when fewer chemicals are evaluated. To allow for a fairer comparison, the % 2 values for each of the predictions were also calculated (Bailey, 1971; Klopman and Rosenkranz, 1991) (Table VI) . If x 2 < 3.84, the probability that the observed concordance in due to chance is >5%. The % 2 value must be >6.63 for chance to be < 1 %.
The prediction systems used here represent two different types: those that are driven solely by the actual structure of the chemical and one (k e ) that is driven by a measured physicochemical property of the chemical. Because these two approaches are so different, their results were analyzed separately. There was complete agreement between the Salmonella test results and all predictions for 41 chemicals. Ten chemicals were negative in Salmonella but were predicted as positive or indeterminate by all of the systems; four chemicals were mutagenic in Salmonella but were predicted to be negative by all of the systems. These are discussed below. The remainder of the chemicals showed a lesser degree of agreement among the prediction systems, or were not tested in all systems. In general, the computational and structural alert systems performed similarly, leading to 71-74% concordance (correct predictions), although there were differences in their sensitivities, specificities and positive predictivities (Table VI) . The physicochemical (Jt c ) system performed less well, with a concordance of 60-61%, and lower sensitivities and positive predictivities (Table VI) . Specific similarities and differences among the different prediction systems are addressed below.
Predictivity of SA by themselves and in combination with the intervention by expert judgement (SA+)
The identification of a potential Salmonella mutagen based solely on the presence or absence in the molecule of one or more 'structural alerts' identified as being associated with the formation of an electrophilic moiety that could react with cellular DNA (Ashby, 1985; Ashby and Tennant, 1988; Tennant and Ashby, 1991) was effective in correctly identifying 36/45 (80%) of the mutagens and 36/55 (65%) of the nonmutagens (Table II) .
This system is unlike the TOPKAT and CASE systems, where the chemicals in the learning sets are known and can be eliminated from the test set when overlap occurs. The structural alerts were identified by Ashby (1985) based on the earlier published studies of Miller and Miller (1977) , by reviewing the published Salmonella mutagenicity literature, and by the application of expert judgement and mechanism inference. Hence, the learning set in this case consists of previous knowledge and possible exposure to published results for some of the chemicals. The precise amount of overlap that existed between this learning set and the chemicals predicted cannot be determined, because many of the chemicals had been tested by other laboratories and the results published. However, it is believed that only in the case of captan (#16) did prior knowledge influence the call.
Of the four nitrobenzoic acid structural homologs tested, two mutagens (#69, 2-methyl-6-nitrobenzoic acid; and #71, 5-methyl-2-nitrobenzoic acid) were described as negative for structural alerts and called nonmutagenic by SA+. The distinguishing characteristic of these two chemicals is the presence of a nitro group ortho to a carboxyl group, where the latter is •Sens., sensitivity; Spec., specificity; ( + )Pre, positive predictivity; (-)Pre, negative predictivity; Cone., concordance; % 2 measures the probability that the results are not due to chance (the larger the % 2 value, the higher the probability of the method).
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believed to critically inhibit enzymic N-oxidation via internal interactions with the carboxylic -OH group.
There were 12 chemicals where a strict application of the structural alerts led to a prediction of mutagenicity, but where this call was overridden because of other structural considerations in the molecule (the 'SA+' call). The SA+ override was correct for 8/12 chemicals to which it was applied. This override lowered the sensitivity of the prediction to 32/45 (71%) but raised the specificity to 36/55 (65%). Captan (#16) was recognized as a mutagen based on published studies, but was called nonmutagenic because it did not contain a structural alert.
Performance of the k e system A total of 87 chemicals were tested in this system. Seven chemicals were not sent for testing because of inadequate supply, or other reasons, and six diat were sent could not be tested for technical reasons, such as solubility or volatility. A more detailed description of these chemicals is provided in Bakale and McCreary (submitted for publication). This system is not directly comparable with the other systems described here because the predictions are based solely on an experimentally measured electron attachment rate constant (^), calculated from the solution of the test chemical in cyclohexane. Therefore, this is the only system used here that is not driven by the chemical's structure per se but by its physicochemical properties. It is also the only system that does not require a learning set of chemicals.
Because the predictions in this system are based solely on the calculated Jf c<. value, the correct and incorrect predictions can be examined as a function of this value. Chemicals were predicted to be positive (mutagenic) when the /^ value was >3.lX10 12 M" 1 s" 1 ; negative when the value was <2.9X 10 l2 M~' s" 1 ; and equivocal when the value was between these limits. As can be expected, because of its differences with the structure-based systems, this system had more unique conclusions (16) than CASE/e and/or CASE/n (nine), SA and/ or SA+ (six) or TOPKAT (two). Of the unique conclusions with kf, three were predictive and 13 were not predictive.
The k e system correctly predicted 23/39 (59%) of the mutagens and 27/45 (60%) of the nonmutagens when equivocal responses were not considered, and 30/48 (62.5%) of the nonmutagens when equivocal responses were considered negative (Tables III and VI) . The 59% sensitivity found here agrees with the 59% sensitivity found with a different group of 171 NTP-tested chemicals screened with the k c test (Ennever and Bakale, 1992) . In that same study, the specificity was 53%. As can be seen in Table VQ , with the exception of chemicals with a kc < 2.0 (nonmutagenic), there was no clear relationship between k f and Salmonella mutagenicity.
Performance of the TOPKAT' system
Predictions were made for 73 chemicals; however, 12 of these were part of the TOPKAT learning set and were not included in the computations. Estimates could not be calculated for three chemicals because of parameterization problems, and could not be validated adequately for 13 further chemicals; 11 chemicals fell in the 'indeterminate' (no decision) range. Thus, only 61 chemicals had 'usable' predictions for the purposes of this exercise.
TOPKAT correctly predicted 20/28 (71%) of the mutagens and 25/33 (76%) of the nonmutagens (Table TV) . Among the predictions assigned a high confidence level, 15/17 (88%) were correct. Similarly, the predictions assigned a low, or low-to-moderate confidence level were correct 7/8 times (88%). The least accurate predictions came among those assigned confidence levels of moderate-to-high (56%) and moderate (64%) ( Table VIII) . As with other structure-driven prediction systems, the false-positive predictions tended to concentrate among the aromatic amines and aromatic nitro-containing chemicals.
Performance of the CASE® systems
The CASE® predictions were made using two separate learning sets. The NTP learning set (CASE/n) was made up of test results that had previously been published by the NTP and, therefore, did not contain any of the chemicals in the test set. The other learning set (CASE/e) was made up of chemicals in the EPA Gene-Tox compilation and, by chance, included 10 chemicals that were in the test set. These chemicals were not included in the computations, although their predicted mutagenicities did not always match the responses in the learning set.
The CASE/n learning set led to a correct prediction of 28/42 (67%) mutagens and 43/51 (84%) nonmutagens, when the seven 'marginal' calls were not considered ( Table V) . The CASE/e learning set led to a correct prediction of 28/36 (78%) mutagens and 35/53 (66%) nonmutagens when the one 'marginal' call and the 10 chemicals in the learning set were not considered. The proportions of correct calls were related to the confidence levels assigned to each prediction. These relationships are illustrated in Table IX . There were no signi- "Assigned confidence levels, ind' not included Data from Table I. ficant differences in the proportions of correct predictions at the different confidence levels.
A clear example of how the particular learning set can affect the effectiveness of a prediction system can be seen in a comparison of the CASE/e and CASE/n predictions (Table V) . CASE/n had a concordance of 0.76, as compared with 0.71 for CASE/e. However, CASE/n predicted 39% of the chemicals to be nonmutagenic whereas CASE/e predicted 52%. A total of 69% (34/49) of the CASE/n and CASE/e predictions agreed when the marginal and training set chemicals were eliminated from the test set.
The biggest disparity between the CASE/n and CASE/e predictions can be seen with the mutagens 5-and 6-methoxypsoralen (#56 and 57). Both were predicted by CASE/n to be nonmutagenic, with a high level of confidence. However, CASE/e correctly predicted both to be mutagenic: 5-methoxypsoralen with a high degree of confidence and 6-methoxypsoralen with a moderate degree of confidence. Other examples of disparities can be seen with 2-aminobenzimidazole (#4), 2-aminobenzothiazole (#5) and 2-amino-6-methoxybenzothiazole (#6). CASE/n predicted all three as marginal or nonmutagenic, with low levels of confidence, whereas CASE/e predicted them to be mutagens, with high levels of confidence. Although the CASE/n predictions for 2-aminobenzimidazole and 2-aminobenzothiazole were correct, low levels of confidence are associated with them because the chemical structures being predicted may not have been adequately represented in the learning set. These and other differences between the CASE/e and CASE/n predictions reflect differences in the composition of the two learning sets used, and dramatically illustrate the importance of the selection of chemicals to make up the learning sets.
Detailed evaluations of selected chemicals, and comparisons among prediction systems
Caprylyl chloride (#15) was mutagenic in strain TA100 in the presence of 5% induced hamster S9, giving an ~2-fold increase over background at 666 fig/plate. Weak positive responses were obtained with 10 and 30% induced hamster S9 and 5% induced rat S9. Other levels of rat S9 produced equivocal responses, and it was nonmutagenic without S9 (Zeiger et aL, 1992) . Caprylyl chloride was predicted to be mutagenic by two tests: CASE/e, with a moderate degree of confidence, and the k e test (k c = 3.5). The structurally similar chemical, butyryl chloride, although not included in this study, was mutagenic in the same Salmonella strains and to the same extent as caprylyl chloride (Zeiger et aL, 1992) . Dichloran (#24) was mutagenic in strain TA98 with and without metabolic activation, and equivocal in TA100 with S9 (Zeiger et al., 1992) . The chemical contains both a primary amino and a nitro group on a single benzene ring; both groups have been traditionally associated with mutagenicity in Salmonella. It was not unexpected that the structure-based systems correctly predicted it to be mutagenic, with a high degree of confidence. It also yielded a high &, .
(k e = 5.7), probably as a result of the presence of these two, potentially activating, substituent groups.
1,2-Epoxydodecane (#43) is a member of the class of aliphatic epoxides, which are generally considered to be chemically and biologically active, and mutagenic in the basepair substitution strains TA100 and TA1535. It was predicted to be mutagenic by all SAR systems. An earlier study (Canter et al, 1986) showed that the mutagenicity of aliphatic epoxides diminishes with increasing chain length. In that study, epoxides with chain lengths of 5=8 (1,2-epoxydecane) were not mutagenic. It is obvious that the SAR and SA predictions were driven by the epoxide ring, and the systems did not have sufficient information about the side chain length to modulate the positive call. This chemical yielded a low k c value (0.2) and was predicted to be nonmutagenic.
5-Methoxypsoralen (#56) and 8-methoxypsoralen (#57) were both mutagenic in Salmonella strain TA100 with S9 under conditions that would not allow photoactivation. The SA system recognized the furan moieties as potential electrophilic sites, but the prediction of mutagenicity was overruled by SA+ because the carcinogens benzofuran and furan are both nonmutagens in Salmonella (Haworth et al., 1983; Mortelmans et al., 1986) . TOPKAT predicted both to be nonmutagenic with a moderate level of confidence. CASE/n predicted both to be negative with a high degree of confidence, based on the absence of any biophore in the NTP database previously identified as associated with mutagenicity. In contrast, CASE/ e predicted both chemicals to be mutagenic based on the presence of the biophore (O-CH=) which is associated in the EPA Gene-Tox learning database with a 79% probability of mutagenicity in Salmonella. The k e system recognized the potential electrophilicity of the two chemicals (k c = 5.9 and 4.2).
The influence of chemical purity on predictivity
The chemical purities are included in Table I . Purity information was available for 76 chemicals; of these, 46 (61%) were 5=99% pure. Mutagenic responses were seen with 11 of these 46 (24%). Among the chemicals with lower purities, 50% (4/8) of the chemicals with purities of 98.0-98.9% were mutagenic, as were 69% (11/16) of the chemicals with purities of 93.0-97%, as were 33% (2/6) of the chemicals with purities below 93%. Despite the possible presence of confounding impurities, the majority of positive responses were consistent with the chemical structures and presumed properties.
Nitroaromatic chemicals
In a previous survey of the NTP database (Zeiger et al, 1985) , 9.1 % of the chemicals tested in Salmonella contained at least one nitro (-NO2) group on an aromatic ring. Of these, 76% were judged to be mutagenic, as compared with 36% mutagens in the overall NTP-tested chemical population. In the present set of 100 chemicals, there were 20 containing an -NO2 group on a phenyl ring, and one heterocyclic nitroaromatic chemical. All but five of these chemicals (76%) were mutagenic, as compared with 45% overall.
Any computer algorithm based on the published NTP Salmonella data would assign a high-confidence prediction of mutagenicity to any chemical carrying an aromatic -NO 2 group. Such an automatic assignment for -NO2-containing chemicals would be correct -70-80% of the time. Both CASE systems predicted all the nitroaromatics to be positive with high confidence levels, with few exceptions. Similarly, TOPKAT made positive predictions for 18 of the 20 chemicals, most with moderate-to-high confidence (two chemicals, #34 and 80, were considered indeterminate). Despite the presence of the structurally alerting -NO2 group, which should have led to a positive prediction for all these chemicals, two of the chemicals (#69 and 71) were predicted (incorrectly) by SA+ to be negative. A challenge, with this group of chemicals, is to identify those factors that interfere with the mutagenicity conferred by the -NO2 moiety.
The low kg responses (i.e. predicting nonmutagenicity) obtained for five of the mutagenic nitroaromatic chemicals (#39, 40, 68, 69, 71 and 75) were unexpected in view of an earlier ^ study of nitrobenzene and 47 nitrobenzene derivatives, of which only p-dinitrobenzene was found to have a k^ of <3 (Bakale et al., 1977) . Excluded from this earlier study were acids and phenols which are the subclasses to which four of the six negative nitroaromatics belong that were found to be negative in this current study.
SAL-positive versus SA, TOPKAT and CASE-Negative
This pattern of chemical structure-based responses was seen with four chemicals, and the mutagenic potencies of these chemicals were relatively low. One explanation for the disparity between the prediction and the Salmonella response could be the presence in the tested chemicals of low levels of mutagenic impurities. Alternatively, these chemical structures were not well-represented in the various SAR learning sets.
Chloroneb (#19; 93.7% pure) was predicted to be mutagenic only by CASE/e, but with a low level of confidence. It produced small increases in mutagenicity in TA100 and TA98 (the only strains used) at doses up to 200 |ig/plate in the presence of hamster, but not rat, liver S9 (Zeiger et al, 1992) . If the chloroneb mutagenicity were due to an impurity, it would be a potent mutagenic impurity with an unusual pattern of effect, although this cannot be ruled out. Chloroneb was predicted by its k e value to be positive. An electron-attaching impurity at a potential concentration of 6.3% would be insufficient to account for a k^ of 4.1 if the chloroneb itself did not attach electrons.
Tricaprylin (#91; 94.6% pure) was positive only in TA1535, in the presence of S9, at doses >6666 jig/plate. Unlike other chemicals where the magnitude of response in TA1535, if also seen in TA100, would be considered equivocal or weak, there was no mutagenic response evident in TA100. If an impurity were responsible for the mutagenic response, it would be unusual for it to be mutagenic in TA1535 but not TA100. The 1^ prediction agreed with the structure-based predictions. 481
Both triethylene glycols (#96, triethylene glycol diacetate, -96% pure; and #97, triethylene glycol, dimethyl ether, 99% pure), were mutagenic in TA100 and TA98 in the absence of S9, and were equivocal with S9. Neither chemical was toxic at the doses tested, and the magnitudes of the responses in both strains were equivalent. Because of the high purity of the dimethyl ether, and the similarity of the responses between the two glycols, it is unlikely that the mutagenicities of these two chemicals were due to impurities. The k e predictions for these two glycols agreed with the structure-based predictions. (Table X) Ten chemicals were not mutagenic in Salmonella but were predicted to be mutagenic by all or most systems. A consideration with these chemicals is whether the particular Salmonella protocol used was optimum for the specific chemical, because most of the other members of these classes that were in the various learning sets are mutagenic.
SAL-negative versus SA, TOPKAT and CASE-positive
Four of these chemicals are nitroaromatic; this class is typically mutagenic in Salmonella under the test conditions used here. 5-Methyl-2-nitroaniline (#66) is the only nonmutagenic chemical in the series of methylnitroanilines, which includes others not included in this study. Also, o-nitroaniline (#78) was nonmutagenic, whereas both the m-(#11) and pnitroanilines (Haworth et al., 1983) were mutagenic. The prediction of mutagenicity by the structure-based systems was obviously driven by the -NO2 moiety.
A number of these chemicals also contain an aromatic -NH 2 group. This structure is often associated with mutagenicity; however, the mutagenicity of this class of chemicals is usually evident when there are more than one amino group on a phenyl ring, or the single amino group is on a fused ring structure. It does not appear as if the structure-driven systems made that distinction.
It is easy to understand the predictions that 1,2-epoxydodecane (#43) and vat brown 1 (#100) would be mutagenic. It was noted by Canter et al. (1986) , that the mutagenicity of aliphatic epoxides decreased with increasing chain length. Vat brown 1 is a fusion of 3 mol of anthraquinone, which is a Salmonella mutagen itself. Any system that recognizes the anthraquinone moiety, or reactive sites on that molecule, would tend to predict a positive response unless overridden by the molecular size and overall configuration.
Discussion and conclusions
This was an effort to determine the effectiveness of different systems for predicting Salmonella mutagenicity. Although the major interest in using these prediction systems is the prediction of long-term toxicological effects, such as cancer, Salmonella mutagenicity was used as an event of concern by itself, and as a surrogate for the other toxicological effects. Unfortunately, it was not possible to perform this exercise using carcinogenicity data, because there are a limited number of carcinogen databases and a large degree of overlap among them. Many of the carcinogenicity prediction systems have been developed and/or calibrated using these databases, and therefore it would not be a good test of the systems if they were compared using the chemicals in the same databases. Additionally, because there are few 'new' carcinogens and noncarcinogens published every year, and the generation of new test results is a slow process, it is not feasible, for the short duration, to perform the exercise on large numbers of chemicals not yet tested, or currently under test, for carcinogenicity. Subsequent to this exercise, Ashby and Tennant (1994) and Tennant et al. (1990) performed a prospective carcinogenicity prediction exercise using structural alerts and invited others to use their prediction systems against the same chemicals. Among the additional laboratories participating in that exercise were some that used the systems employed here (Bakale and McCreary, 1992b; Enslein et al, 1990; Rosenkranz and Klopman, 1990b) .
The following conclusions can be drawn from the predictions of Salmonella mutagenicity by the different systems. It may be assumed that, because the SAR-based prediction systems are not based on presumed mechanisms of action, their abilities to predict Salmonella mutagenicity would be similar to their abilities to predict other toxicological effects, such as carcinogenicity or teratogenicity. Additionally, confounding factors for predicting mutagenicity, such as chemical purity and test reproducibility, would also be present when predicting other toxicological effects. There is a relationship between chemical structure and Salmonella mutagenicity Although this has been a conclusion of other studies, it nevertheless should be stated as a conclusion of this study. The goal of SAR systems is to characterize the structureactivity relationship in such a way as to predict the biological activities of chemicals with similar or related structures. The various SAR systems perform these tasks using approaches that have similarities and differences. Basically, they try to identify, either by fragment recognition, by calculation of parameters such as molecular size and/or atomic charges of the molecule, or by a mathematical algorithm based on the various structural and electronic components, the predilection of a chemical to produce a specific effect. SAR systems are developed and refined by using congeneric or noncongeneric 'learning sets' of chemicals which, in theory, are designed to encompass all the molecular features needed to predict other chemicals. Regardless of the system used, they all focus on structural components of the molecule that are associated with the effect of interest-in this case, Salmonella mutagenicity.
Among the chemicals with aromatic -NO 2 and/or -NH 2 groups, 16/21 (76%) and 8/15 (53%) respectively, were mutagenic. On the other hand, only 2/10 (20%) of halogenated aromatics that did not contain either of the above groups were mutagenic. These relationships between these chemical structures and mutagenicity have been addressed elsewhere (Ashby and Tennant, 1988; Rinkus and Legator, 1979; Zeiger, 1987) and the SAR systems mirror those findings. Where a definitive call could be made, TOPKAT and the two CASE systems predicted all ring -NO 2 -containing chemicals to be mutagenic. The systems appeared to be more selective with regard to the aromatic -NH 2 chemicals; a small fraction of them were predicted to be nonmutagenic by TOPKAT and CASE/n. CASE/e appeared to be the least discriminatory; it predicted all aromatic -NO 2 and -NH 2 chemicals to be mutagenic.
The chemical structure-directed systems were similar in their correct and incorrect predictions Regardless of whether the system performs chemical fragment recognition (simplistic, as with SA, or highly sophisticated, as with CASE), whether it looks at various weighting factors derived from the chemical structure, or both (TOPKAT), the expert and computer systems are essentially addressing, or weighting, the same substructural components of the molecules.
Therefore it is not surprising that these systems tended to agree on the same chemicals, regardless of whether they were predicted as mutagenic or nonmutagenic. The differences among SA, CASE and TOPKAT are heavily predicated on the particular logic or learning sets used.
As a corollary to the above, structure-directed systems are limited by the learning sets on which they have been 'trained.' None of these systems should be expected to correctly predict the activity of chemicals that are total strangers to the system, in contrast to k c , for which all chemicals can be regarded as strangers. A good example of this can be seen in the different predictions of the CASE/n and CASE/e systems. The only difference between these two systems was the particular learning set used. Yet, although they had similar predictivities (Table IV) , they tended to correctly identify different chemicals. The differences between the NTP Salmonella mutagenicity database, and other databases in terms of chemical classes have been addressed previously (Zeiger, 1987) .
By their very nature, structure-directed prediction systems are designed to predict only those chemicals that contain structures or moieties that were part of their learning systems and cannot, without more data, make the extension to unknown structures. This has implications for the use of SAR systems to replace laboratory testing procedures. It is difficult to identify new enzymes or pathways de novo, whether it be in a single cell or in a complex organism. As a rule, such new pathways are found when the effects of a new chemical are examined, or when an organism reacts in an unexpected way to an 'old' chemical. Until the mechanism of action of a new chemical can be deduced solely from its chemical structure, laboratory testing will be required to define the parameters of the new chemical classes. However, measuring the value of k^ of a new chemical would provide an indication of the electrophilic character of the chemical. However, this system only measures the parent molecule, whereas many of these chemicals require mammalian metabolic activation, and their mutagenicities are a function of primary or secondary metabolites.
The purity of the chemical tested can affect the accuracy of the prediction SAR is based solely on chemical structure and addresses the question of whether the chemical structure portends mutagenicity, whereas the Salmonella, and other, tests (including the 1^ test) determine whether the substance in the bottle is mutagenic. Chemical structure-based systems are predicated on the assumption that the biological system responded to the named chemical rather than a minor component (impurity) of the sample. If a chemical sample contains a low level of impurity, it can be presumed that the impurity would be more likely to produce an artifactual positive mutagenic response than an artifactual negative response. If such an event occurred, any attempt to link the structure of the chemical to the observed biologic response would lead to an erroneous conclusion.
In contrast, k e values are calculated from the molecular weight of the chemical and the electron half-life measurement of the substance in the bottle (Bakale and McCreary, submitted for publication). Minor components of the sample (impurities) could affect this measurement, so that the value obtained would be different from that produced by the pure chemical. Thus, if the k c response of the test chemical is extremely weak, the testing of impure chemicals (i.e. chemicals containing impurities that have a high ifcj in this system would be expected to lead to artifactual positive responses.
The accuracy of prediction systems should be measured against the reproducibility of the test that is being predicted
The wealth of Salmonella data that were generated in a number of laboratories using standard protocols to test coded chemicals permits the evaluation of the reproducibility of test results for individual chemicals. The accuracy of the different SAR systems for predicting Salmonella mutagenicity approached the ability of the Salmonella test to predict itself, i.e. its reproducibility. A recent analysis of the inter-and intralaboratory reproducibility of Salmonella test results yielded a strict positive-versus-negative concordance of 84.5% and a pairwise concordance of 86.9% (Piegorsch and Zeiger, 1991) . These values refer to the responses obtained when the same chemicals were tested at a later time in the same or different laboratories, without the laboratory knowing that it had been tested earlier. Thus, these values may be considered as an upper bound for prediction of Salmonella mutagenicity. Unlike experimentally based systems, however, the computer-based systems would be expected to yield 100% reproducibility between trials if the learning sets or the computational algorithms are not changed.
SAR systems continue to evolve, and their accuracy and usefulness will be dependent on the informational content of the databases used SAR predictions depend on the numbers and types of chemicals used in model development and the relevance of the chemical descriptors to the underlying mechanism(s) of activity. The predictions in this exercise were for a noncongeneric set of chemicals, that is, chemicals that represented a wide range of structural classes, as opposed to a congeneric set, which comprises chemicals within a single structural class. This runs the risk of having relatively few representatives of certain chemical moieties from which to derive prediction criteria. Ideally, if sufficient data were available, congeneric databases would be used to derive SAR models that subsequently would be merged into larger reference sets for further analyses. It should also be recognized that these SAR systems are useful for studying biological and biochemical mechanisms, and defining chemical structure-activity relationships.
This exercise was performed in 1990. Since that time the computer-driven SAR systems used here have evolved and have been improved. It is therefore important to consider the above results in the context of the level of development of the systems that performed the predictions.
